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Abstract 

Predicting surfactant adsorption using the currently available isotherm model is limited to one or two independent 
variables: equilibrium concentration and temperature. This study aims to develop an adsorption model that includes 
molecular features, testing conditions, and solid properties in the model. A Physics-Informed Neural Network (PINN) 
was structured by integrating adsorption isotherm into artificial neural networks (ANN). The model was trained 
using a dataset containing 56 adsorption isotherms and 20 types of anionic and nonionic surfactants under various 
conditions with sand and silica oxide as their solids. The surfactants were quantified using sets of descriptors gener-
ated from molecular counting, charge distribution, and Conductor-like Screening Model (COSMO) screened charge 
density. The COSMO-screened charge density descriptors provide the highest accuracy in representing the surfactant 
molecule. The interpretation of molecular structure effect and surfactant-solid interaction described using COSMO-
screened charge density showed that adsorption between the surfactant and solid media involves hydrogen bonding 
and hydrophobic interaction. The PINN model achieves high accuracy with 93% training and 85% validation with five-
fold cross-validation. Later, the model was evaluated and used to generate an adsorption isotherm and predict 
unseen surfactant adsorption. Adsorption prediction with unseen surfactants showed high accuracy with the sur-
factant for familiar structure (RMSE 0.07 mg/g) and promising profile for the whole new structure (RMSE 2.95 mg/g). 
Scientific contribution This study advances the field by integrating COSMO-screened charge density descriptors 
into a physics-informed deep learning model to predict surfactant adsorption isotherms, accounting for molecular 
features, testing conditions, and solid properties. The incorporation of COSMO-screened charge density offers a novel 
approach to accurately represent surfactant molecules, enabling accurate prediction of their adsorption behavior. This 
approach extends conventional models, which are often limited to empirical parameters or fewer variables. This phys-
ics-informed framework significantly enhances the understanding of surfactant-solid interactions and offers a robust 
predictive tool for optimizing surfactant formulations, aiming to minimize adsorption losses in chemical enhanced oil 
recovery and environmental remediation.
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Introduction
A surfactant is an amphiphilic molecule with different 
polarities, a polar head, and a non-polar hydrocarbon tail 
in one structure. Due to its distinctive polarity profile, 
surfactant molecules are concentrated at the interface 
between two substances with different polarities. This 
unique characteristic of surfactants reduces the interfa-
cial tension (IFT) and increases the miscibility between 
the two fluids, either liquid–gas or liquid–liquid phases 
[1]. This property has also made surfactants critical in, 
e.g., cleaning, environmental remediation, and enhanced 
oil recovery (EOR) applications, as both low interfacial 
tension and high solubility are required to achieve high 
oil recovery [2, 3]. However, the use of surfactants in res-
ervoir rock formations or the subsurface porous media 
comes with a threat of material losses due to excessive 
surfactant adsorption.

Adsorption of surfactant onto a solid surface can be 
somewhat expensive and becomes a prohibitive factor of 
field implementation, considering the chemical cost and 
the surfactant quantity needed to overcome the limit of 
adsorption [4, 5]. There were numerous studies investi-
gating the controlling factors of surfactant adsorption 
onto solid surfaces, for example, including (1) surfactant 
types/structures and ranges of concentration, (2) elevated 
reservoir temperature, (3) salinity, and (4) solution pHs 
[1, 6]. Among those dominant parameters, in particular, 
influences of concentration, temperature, salinity, and pH 
have been mostly emphasized in most studies previously 
[6–9]; generally, they can be measured experimentally 
and quantified accurately. However, any detailed sur-
factant structure effects associated with adsorption were 
much of a challenge to be addressed quantitatively and 
thoroughly.

In general, the charged surfactant head group mainly 
affects affinity to the solid surface; for example, Mas-
sarweh and Abushaikha [2] and Kalam, Abu-Khamsin 
[10] have documented a thorough overview, where (i) 
cationic (positive charge on the headgroup) surfactant is 
attracted to the negatively charged rock surface, such as 
common sandstones, (ii) anionic (negative charge on the 
headgroup) surfactant possesses strong affinity toward 
the positively charged clay edges if present on the media, 
and (iii) hydrogen bonding found in ethyl oxide or pro-
pyl oxide based nonionic (no charge on headgroup) sur-
factants are preferably attracted to the hydrogen bonding 
donors present on the solid surface (i.e., sandstones). 
Prior study by Somasundaran, Middleton, and Viswa-
nathan [11] has qualitatively described the structure’s 
effect on surfactant adsorption. Using a quantitative 
approach, Atkin, Craig [12] offered some insights linking 
the adsorption data to the kinetic and structural infor-
mation of the surfactant using tools such as atomic force 

microscopy, fluorescence quenching, and neutron reflec-
tivity. In brief, the surfactant head group and its structure 
play critical roles in affecting adsorption onto the solid 
surface. However, based on our knowledge, a few mod-
els use such information to predict surfactant adsorption 
on sand or clay media for chemical enhanced oil recovery 
(cEOR) or soil remediation applications.

There have been various ways to quantify the molecules 
and their particular behavior. One intuitive approach to 
better quantify the targeted molecules, widely investi-
gated in multiple fields, is using the group contribution 
(GC) concept for pure components [13, 14]. The GC 
method estimates a property by counting the features 
of a molecule from the smallest section (first-order) to 
the functional groups (second-order), which are to be 
regressed in a linear model [15]. Others have studied 
some specific surfactant- properties, and predictions 
based on the GC method, for example, critical micelle 
concentration (CMC) [16], hydrophilic-lipophilic balance 
[17], relative solubility number [18], cloud point [19], 
and Krafft point [20]. However, the GC method requires 
a significantly large dataset for higher accuracy. Another 
alternative to the GC method in quantifying the molecule 
is to use the charge distribution to overcome the situation 
of the limited dataset available. The surfactant charge dis-
tribution between the head and tail sections influences 
the self-assembly process [21]. This self-assembly process 
eventually affects the profile of the adsorption isotherm. 
In a more recent approach, Klamt [22] introduced an 
improved approach to molecular characterization using 
a so-called solvation model in a perfect conductor: the 
Conductor-like Screening Model (COSMO). In recent 
decades, molecule representation applying this COSMO 
with machine learning has become increasingly popular 
with different applications, e.g., prediction of proper-
ties [23], solvent selection [24], and activity coefficient 
[25, 26]. Although COSMO accuracy is lower in proper-
ties prediction applications than matured GC methods 
like UNIFAC and UNIQUAC, the modified COSMO 
method has continued to evolve. The latest improvement 
in COSMO involves different types of hydrogen bonding 
and dispersive interaction, COSMO-SAC [27, 28]. Also, 
the COSMO model has shown encouraging results in 
the adsorption prediction of ionic substances in various 
solid adsorbents, e.g., dyes, pyridinium ionic liquid, and 
ibuprofen with activated carbon [29–31], dyes with silica 
[32], dyes with organic solid [33], and database of sub-
stances with soil [34].

Several efforts have been made to predict surfactant 
adsorption in the adsorption application using machine 
learning. Surfactant adsorption onto solid surfaces can 
be predicted using adsorption isotherms, which provide 
a curve describing the number of surfactant molecules 
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in the aqueous phase that adhere to the solid surface at 
different equilibrium concentrations [35, 36]. Adsorption 
isotherms have been developed in various models [37] 
and are unique for every system. Kalam, Abu-Khamsin 
[38] trained machine learning models, XGBoost and 
random forest, to predict the cationic Gemini surfactant 
adsorption in chemical EOR system with the input data of 
mineral composition, maximum adsorption capacity, and 
surfactant concentration. Another approach by Chen, 
and Huang [39] utilized the ANN model to estimate the 
capacity of biosurfactant adsorption on activated carbon. 
The ANN approach showed promising results with more 
than 90% accuracy. However, both models are limited to 
only a single surfactant used in their study. Although the 
ANN model could perform well, there is no further inter-
pretation of how the model could represent the adsorp-
tion behavior of the surfactant on a substrate. In EOR and 
contaminant remediation using surfactants, the reservoir 
and aquifer conditions vary widely in temperature, pH, 
salinity, and subsurface media composition. The existing 
isotherm model and approaches thus are severely insuf-
ficient to accommodate this wide range of variation as a 
single model, making the whole process time-consuming 
and inefficient due to countless models to manage. Thus, 
a model that can incorporate more independent variables 
simultaneously should significantly reduce the number of 
variations in lab testing, reducing the time and resources 
spent. To our knowledge, this is the first time that the 
PINN technique coupling the structural features from 
COSMO is used to predict the adsorption of surfactant 
with several distinct structures onto different rocks 
and sands media in EOR or environmental remediation 
applications.

This study focused on integrating dual benefits of the 
learning performance of the ANN model and the quan-
tum chemical calculation based on the COSMO in the 
description and prediction of surfactant adsorption onto 
silica surface; hence, the relationships between the model 
developed and adsorption phenomena are concise and 
explainable through representative chemical interactions 
and forces including hydrogen bonding donor affinity, 
hydrogen bonding (HB) acceptor affinity, and hydropho-
bicity. A classical Langmuir equation will be integrated 
into the ANN architecture as a Physics-Informed Neu-
ral Network (PINN) model for simplification. The sur-
factant’s molecular features were decrypted effectively 
using several tools of feature counting, charge distribu-
tion, and COSMO-screened charge density. The updated 
data was then combined and expanded with specific test-
ing conditions (temperature, pH, salinity) and solid prop-
erties (size, specific area, and point of zero charges) to 
be categorized as a sub-dataset. The modified dataset is 
then fed into the machine learning and ranked utilizing 

recursive feature elimination (RFE), a feature selection 
technique that iteratively removes the least important 
variables based on model performance. By reducing 
dimensionality and eliminating irrelevant or redundant 
inputs, RFE helps improve model generalizability and 
reduces the risk of overfitting. The result of the highest 
accuracy dataset of the PINN model was used to develop 
an adsorption model. The result was then analyzed, 
tested, and validated using unseen surfactant adsorption, 
as shown in the overall workflow as depicted in Fig. 1.

Methodology and approach
Dataset collection and assumptions
The dataset was harvested from various sources [7, 9, 
40–46] and then categorized into parameters of experi-
mental results, testing conditions, solid properties, and 
surfactant descriptors. The collected data comprised 552 
equilibrium adsorption data points with 20 surfactants 
on sand and silica oxide surfaces. The surfactant types 
vary from anionic with linear chain (e.g., Sodium Dode-
cyl Sulfate, SDS), anionic with double branch chains 
(e.g., bis(2- ethylhexyl) sulfosuccinate, DHSS or AOT, 
and Internal Olefin Sulfonate, IOS), anionic with double 
headgroups (e.g., Alkydiphenyloxide Disulfonate, DOW-
FAX), anionic with phenyl group(s) (e.g., Alkyl Benzene 
Sulfonate, ABS; Sodium Dodecyl Benzene Sulfonate, 
SDBS), and anionic with polyethylene oxide group (e.g., 
Sodium Lauryl Ethyl Sulfate, SLES). Nonylphenol poly-
ethoxylated-based nonionic surfactants (NP) vary from 
alkyl chains (e.g., Alkylphenol Ethoxylate, Tergitol), and 
polyoxyethylene oxide head groups (e.g., Triton-X), and 
alcohol ethoxylated based nonionic surfactants (e.g., 
Alkyl Alcohol Ethoxylate or Neodol). During the model 
generation, 80% of the data was used for training, while 
20% was used for testing through fivefold cross-valida-
tion. Four surfactant isotherms are also used to challenge 
the model with unseen surfactant molecules.

There are three selected parameters in the testing con-
dition: temperature ( ◦C ), salinity (mg/g), and pH of the 
solution. Some references did not measure all testing 
conditions; therefore, these data were assumed to be neu-
tral (i.e., salinity at 0, pH of 7, and temperature at 25 °C). 
Meanwhile, the solid properties are represented by PZC, 
grain size (micrometer), and surface area ( m

2

g ) . Similar to 
the testing condition, some external data sets did not 
measure the detailed characteristics of solid media. 
Instead, the authors mentioned the types of solids being 
used. Therefore, the media properties were estimated 
using readily available data based on solid types. Mean-
while, the surfactant quantification is discussed in the 
following subsections. The solid properties, surfactant 
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Fig. 1  Workflow schematic of descriptor generation, training, and output model



Page 5 of 20Alimin et al. Journal of Cheminformatics           (2025) 17:84 	

quantification, collected adsorption data, and solution 
conditions are provided in Supplementary Materials 
Table S1, S2, and Figure S2.

Surfactant quantification method
Molecular counting
Molecular counting was performed by identifying and 
polling all the molecule’s functional groups. This study 
represents the functional groups by Ethylene Oxide (EO), 
Propylene Oxide (PO), and phenyl groups. The EO and 
PO groups affect the solubilization of oil, water, and 
surfactant as they introduce the intermediate polarity 
to the surfactant molecule. The solubilization increases 
with the higher number of extended functions [47]. For 
instance, the EO group increases the solubilization in the 
water phase, whereas the higher number of PO groups 
gives higher solubility in the oil phase. The study of Post-
mus, Leermakers, and Stuart [48] has shown that alkyl-
ethylene oxide (EO) affects the aggregation of nonionic 
surfactants at the silica-water interface, further impact-
ing the adsorption. Arpornpong, Charoensaeng [49] 
examined the adsorption characteristics of extended 
surfactant adsorption on alumina. The result showed 
that the surfactant with more EO group besides the head 
group resulted in higher adsorption area per molecule 
(m2/molecule), lowering actual adsorption. A similar 
observation was reported by Rattanaudom, Alimin [50].

The surfactant geometry descriptors are represented 
by surfactant length, tail length, and types of branch-
ing. The surfactant length was calculated directly from 
the most extended atom sequence between both ends of 
the molecule. At the same time, the surfactant tail length 
is considered the longest carbon chain in the surfactant 
molecule, not including EO, PO, and benzene rings. 
Somasundaran, Middleton, and Viswanathan [11] found 
that increasing the chain length of alkyl groups increased 
adsorption in four regions of the adsorption isotherm 
except the super-micellar region [51]. Meanwhile, the 
types of branching were categorized into four types, from 
linear to highly branched molecules based on Somasund-
aran, Middleton, and Viswanathan [11]. Both surfactant 
length, tail length, and types of branching directly affect 
the molecular packing parameter, which defines the 
shape of micelles and equilibrium aggregates of the sur-
factant [52]. The phenyl group affects the surfactant 
aggregation via the π-π interaction between the benzene 
ring of the first layer adsorbed surfactant and surfactant 
molecule [53–55]. COSMO sigma profiles of the benzene 
ring and silica oxide generated by Man, Abdullah [56] 
showed the presence of both polar and non-polar charge 
density regions. This potentially leads to the hydrophobic 
and polar-polar interactions, which increase the adsorp-
tion affinity of the benzene ring onto the silica oxide.

Charge distribution
The charge distribution was calculated by sectioning the 
surfactant molecule and adding the partial charge from 
each atom for each section. Huibers [21] showed that the 
partial charge distribution from the surfactant section 
influences surfactant self-assembly and physical prop-
erties. It is also suggested that the head group charge 
influences the molecular interaction. In this study, the 
surfactant molecule is separated into four sections: head, 
extended function, transition, and tail. The partial charge 
for each atom was calculated using the Gasteiger-Marsili 
equation [57] readily provided in the Avogadro® [58]. 
Figure 2 shows the charge segmentation of Sodium Lau-
ryl Ethyl Sulfate (SLES).

COSMO‑screened charge density
This study calculated the COSMO-screened charge den-
sity in GAMESS 2021 R2 [59] using a pre-optimized mol-
ecule from Avogadro [60]. A simplified molecular-input 
line-entry system (SMILES) was used in Avogadro® to 
generate the molecule. The generated molecule was then 
pre-optimized using the MMFF94 force field (500 steps, 
steepest descent, and 10–7 as convergence). The output 
from this section was pre-optimized to relatively locate 
each atom in a discrete vacuum space (x, y, z-axis).

In GAMESS, molecule optimization configurations 
were calculated with the atom’s relative location. The 
selected wave function was Restricted Hartree–Fock 
(RHF), with the density functional theory of BP86 and 
KTZVP as the Gaussian basis. Meanwhile, the perfect 
dielectric constant (ε = 80) was used to simulate a water-
equivalent virtual continuum. The internal charge of 
molecule “icharge” was set as −1 for anionic and 0 for 
nonionic surfactant. GAMESS calculation generated 

Fig. 2  Sodium Lauryl Ethyl Sulfate (SLES) molecule split into the head 
(OSO3

−), extended function (4EO), transitional (C), and tail of C12; 
the partial charge from each atom in the respected section 
was accumulated as the section charge; the total charge of the whole 
molecule is still close to the theoretical value of an anionic surfactant 
(−1)
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hundreds to thousands of charged density sections wrap-
ping the molecule. An open-sourced Python code was 
deployed to consolidate the charge density into the sigma 
profile by normalizing and plotting the charge density 
with its probability. The GAMESS configurations and 
Python codes for sigma profile generation were sourced 
from Bell, Mickoleit [61].

The generated sigma profiles, as shown in Fig. 3, present 
the charge distribution and probability of finding specific 
charge values. The charge value in the sigma profile was 
classified into three regions: hydrogen bonding donor (HB-
donor) affinity, hydrogen bonding acceptor (HB-acceptor) 
affinity, and hydrophobicity [62]. The HB-donor affinity, 
which ranges the sigma potential (σ) from −0.025 to −0.01 
e/Å2, shows the tendency of a specific molecule surface to 
patron its hydrogen. Meanwhile, the HB-acceptor affinity 
with σ from 0.01 to 0.025 to e/Å2 shows the tendency of a 
specific molecule surface to accept hydrogen. HB-accep-
tors generally come from electron valence in O, N, and F 
atoms, which are further classified into OH if the valence 
comes from an oxygen-hydrogen (hydroxyl) bond such as 
OH function in carboxylated surfactant, and OT (other) 
if the valence comes from O, N, and F with other atoms. 
For example, in alkyl benzene sulfonate (ABS), the accep-
tor region is provided by the oxygen atom (OT) in the sul-
fonate headgroup. Furthermore, the hydrophobicity region, 
which ranges the sigma potential (σ) from −0.01 to 0.01 e/

Å2, reflects the neutral surface area. This segment typically 
shows the hydrocarbon tail(s) of the molecule or neutral 
segment between the HB-donor and HB-acceptor.

The sigma profile was consolidated into a discrete value 
following the approach proposed by Lukowicz, and Benaz-
zouz [23] to calculate charge segmentation from each 
HB-donor, HB-acceptor, and hydrophobicity region. Dif-
ferent bonding from different atoms results in different 
interaction strengths, so the COSMO-SAC models [27] 
differentiate the interaction based on the contributing 
atom (OH, OT, and NHB). In this study, the sigma profile 
was integrated based on charge segmentation and atom 
contribution. Therefore, nine different values of molecu-
lar descriptors were generated from a single sigma profile. 
Equation 1 shows the sigma profile integration of OT for 
each density region.

(1)OTacceptor =

∫
+∞

0.01

pX (σOT )dσ

(2)OThydrophobicity =

∫ 0.01

−0.01

pX (σOT )dσ

(3)OTdonor =

∫
−0.01

−∞

pX (σOT )dσ

Fig. 3  The COSMO molecular descriptor steps from generating and splitting the alkyl benzene sulfonate (ABS) molecule from Avogadro®, 
generating the screened charge density in GAMESS, and plotting the sigma profile. The sigma profile shows the probability of finding a specific 
charge on the molecule surface. Peaks from two regions (hydrophobicity and HB-acceptor affinity) are identified. At the same time, the charge 
comes from OT, OH, and non-hydrogen bonding (NHB) atoms
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Equations 1, 2 and 3 show the integration of the sigma 
profile of three different sections from the interaction of 
OT atom, where OTacceptor is the cumulative charge of 
hydrogen bonding acceptor (HB-acceptor) region from 
OT atoms in e, OThydrophobicity is the cumulative charge of 
hydrophobicity region from OT atoms in e, OTdonor is the 
cumulative charge of hydrogen bonding donor region 
(HB-donor) from OT atoms in e, σ is the screened charge 
density for each section in e

Å
2 , and pX (σOT ) is the seg-

ment area covered by screened charge density σ in Å2.
Since surfactant adsorption is highly affected by head 

and tail orientation during adsorption, the head and tail 
sections were simulated separately to reveal the adsorp-
tion of each segment in addition to the overall surfactant 
molecule. The molecule split is also by considering that 
the COSMO cavity in GAMESS is limited to 150–200 
atoms. Therefore, three different sigma profiles were gen-
erated for each surfactant molecule: (1) the head section 
with extended function, (2) the tail section, and (3) the 
whole molecule. The steps from the input data, molecule 
split, calculation of screened charge density, generation 
of sigma profile, and the integration are shown in Fig. 3.

Descriptors selection and model training
Recursive feature elimination (RFE) was employed to 
evaluate the performance of each given dataset. The RFE 
used in this study was taken from the Python Scikit-
Learn [63]. The tools take several descriptors simultane-
ously, train them in the machine learning algorithm, and 
compare them to another result set with slight changes 
by changing the descriptors. This algorithm introduces 
the generalization in a problem with a small number of 
datasets. The generalization will also vanish weak fea-
tures, which did not significantly improve the model 
accuracy [64].

The RFE study conveniently splits datasets into five 
groups based on distinct surfactant quantifying meth-
ods. Each dataset must contain at least testing condi-
tions (temperature, pH, and salinity), solid properties 
(PZC, specific area, and particle size), and different sets 
of surfactant descriptors. The first group used all gener-
ated descriptors (molecular counting, charge distribu-
tion, and COSMO) as surfactant descriptors. The second 
group used molecular counting only, and the third used 
charge distribution only. The fourth group used the 
whole molecular COSMO descriptors, and the fifth used 
the split (head and tail) portion of COSMO descriptors. 
The highest performance set of descriptors is then used 
to train the PINN model. The selection using RFE is 
described further in Supplementary Material. By select-
ing only the most informative features, RFE can reduce 
the sensitivity of the model to small fluctuations in the 

training data, simplify the model, and mitigate the risk of 
overfitting.

A PINN model was generated using a functional appli-
cation programming interface (API) and sub-classing 
API provided by Tensorflow [65] and Keras [66] librar-
ies in Python. The functional API enabled the passing of 
the equilibrium concentration to the last layer. The sub-
class API was utilized to develop a custom neuron with 
the Langmuir equation introduced at the last layer in the 
neural network architecture. Incorporating a physics-
based model into the backpropagation process constrains 
the neural network to adhere to underlying physical laws. 
This acts as an implicit regularizer, guiding the learning 
process and helping to reduce overfitting. The generated 
model was then trained with a previously selected data-
set from RFE, with 80% training and 20% for validation 
with fivefold cross-validation. Figure  4 shows the neu-
ral network configuration for the PINN. The RMSE was 
chosen as the loss function, as the training algorithm is 
expected to predict higher concentrations better. This 
selection is due to the nature of adsorption behavior, as 
the most important adsorption values are located at their 
highest saturation region where surfactant molecules are 
fully adsorbed on the solid surface. The RMSE loss func-
tion will punish the inaccuracy of outliers more severely, 
which leads to the algorithm suitable for the adsorption 
isotherms that give good accuracy at maximum adsorp-
tion values. Further, the converged model was evalu-
ated and tested using unseen surfactant adsorption data. 
Finally, SHAP (Shapley Additive explanations) analysis is 
deployed to evaluate the impact of each descriptor on the 
model.

Results and discussion
Evaluation of the PINN model
The RMSE was chosen as the loss function, as the train-
ing algorithm is expected to better predict higher concen-
trations. This selection is due to the nature of adsorption 
behavior, as the most important adsorption values are 
located at their highest saturation region where sur-
factant molecules are fully adsorbed on the solid surface. 
The RMSE loss function will punish the inaccuracy of 
outliers more severely, which leads to the algorithm suit-
able for the adsorption isotherms that give good accuracy 
at maximum adsorption values. As shown in Table 1, the 
average R2 of the training dataset was 93% and 84% for 
validation, while the RMSE for training was 0.28 and 0.40 
for validation. Therefore, each fold of the five-fold cross-
validation result indicates that the model is consistent 
throughout the dataset. Fold number Two has shown the 
highest R2 training and testing score out of the five mod-
els. This fold has a better data distribution with noise in 
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the training and validation set than other folds; therefore, 
the accuracy between training and testing is close.

The PINN model accuracy in the dataset was evalu-
ated using scatter plots to visualize the error distribution 
between experimental and predicted values; the result is 
shown in Fig. 5. The ideal prediction would align all the 
dots in the perfect diagonal line. The resulting plot shows 
a tapered trend toward higher adsorption since RMSE 
was selected as a loss function. Although the accuracy 
(%) showed a high result, the absolute value of adsorption 
error at higher concentrations tends to be high.

Figure  5 shows that the outliners are mostly sulfate 
surfactant (red, RMSE 1.39 mg/g), followed by sulfonate 
(blue, RMSE 0.39 mg/g) and alcohol ethoxylate (green, 
RMSE 0.26). The high errors could originate from the 
purity and heterogeneity of the surfactant used in the 
experiment. The purity of as-received surfactant could 
range from 25 to 30% up to 99% active components. 
Most surfactants have been produced from specific 

ranges of alkyl chain length, such as the tail part, e.g., 
C12-C14 and C14-C18, depending on the hydrocarbon 
ranges. The heterogeneity of ethylene oxide or propylene 

Fig. 4  Sub-Classing Langmuir equation into Neural Networks

Table 1  Five-fold cross-validation results PINN model using 
COSMO head and tail descriptors; the visualization for error 
distribution in each fold is provided in Supplementary Material 
Figure S4

Fold 
number

R2 training 
(%)

R2 
validation 
(%)

RMSE 
training

RMSE 
validation

0 94.1 74.2 0.29 0.37

1 91.6 84.7 0.28 0.59

2 94.3 91.4 0.24 0.43

3 92.8 83.6 0.32 0.30

4 94.2 85.8 0.29 0.30

Average 93.4 83.9 0.29 0.40
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oxide groups in the ethoxylated nonionic surfactants or 
different positions of the branching alkyl groups also 
contributes to surfactant polydispersibility. Besides 
surfactant and solution characteristics, solid morpho-
logical and mineralogical characteristics also affect sur-
factant adsorption [4]. Sandstone is an agglomeration of 
individual minerals consisting of a primary component 
such as quartz and other minerals, including chert, feld-
spar, mica, illite, kaolinite, and calcium carbonate [67]. 
Depending on the degree of heterogeneity, all these fac-
tors have contributed to the deviations from the model 
prediction.

Physical meaning of selected descriptors
Recursive feature elimination (RFE) was employed to 
evaluate the performance of each given dataset, and the 
detailed analysis is described in Supplementary Mate-
rial Figure S1. The RFE narrowed the descriptor choices 
from 26 COSMO head and tail descriptors set into 13. 
We have also examined that as the number of features 
tested increases, the model’s accuracy increases until the 
specific number of descriptors. The 13 selected features 
represent variables that matter to the phenomena. How-
ever, the model accuracy eventually reached a plateau as 
an additional feature did not contribute to higher accu-
racy. The plateau indicates that the additional features 
did not correlate to the predicted values or the feature 
already represented by another feature already included 
in the descriptor set. Out of the 13 features selected, one 
represents equilibrium concentration, three represent 

the testing condition (temperature, salinity, and pH), two 
represent the solid characteristics (e.g., PZC and parti-
cle size), and the other seven descriptors represent the 
molecular descriptors. The molecular descriptors are as 
follows: five COSMO descriptors (i) NHB-HB-donor, (ii) 
Head section NHB-Hydrophobicity, (iii) Head section 
NHB-HB-acceptor, (iv) Head section OT-HB-acceptor, 
(v) Tail section NHB-Hydrophobicity, and two general 
molecular properties, (vi) Molecular volume, (vii) Molec-
ular length.

Based on selected COSMO descriptors, the surfactant 
descriptors cover all types of bonding affinity from HB-
donor, HB-acceptor, and hydrophobicity. The hydrogen 
bonding donor and acceptor appear from the head sec-
tion of the molecule where the oxygen atom with valence 
is found. This is confirmed by selected COSMO descrip-
tors i, iii, and iv. Meanwhile, the hydrophobicity is rep-
resented by the ii and v COSMO descriptors, where 
the Head section NHB-Hydrophobicity represents the 
hydrophobicity from benzene or extended function in 
the headgroup, and the Tail section NHB-Hydropho-
bicity represents hydrophobicity from carbon chain in 
the tail section. Tail NHB-hydrophobicity represents the 
surfactant’s neutral charge area on the tail section. NHB 
stands for non-hydrogen bonding, which comes from 
alkyl-alkyl interactions. The longer the tail, the larger its 
NHB-hydrophobicity value is observed.

On the other hand, the atomic interaction only cov-
ers the NHB and OT-types of hydrogen bonding, which 
represent hydrogen bonding affinity from other atoms 
besides hydroxyl. OT means it comes from other hydro-
gen bonding, such as oxygen from sulfonate, sulfate, or 
alcohol (other than hydroxyl).

Interpreted interaction between surfactant and silica 
surface: a case study of SDBS and SiO2
The possible interaction was investigated by examin-
ing the screened charge density for possible interactions 
between surfactant and silica surface. The surfactant 
selected to be compared was SDBS, while the surface was 
silica oxide (SiO2), generated from SiO2 lattice crystals 
(two by two by one). The number of hydroxyl functions 
was then adjusted to 6, referring to the specific number 
of hydroxyl per surface area at maximum hydration [68]. 
Maximum hydration was chosen following the reservoir 
condition during chemical flooding, where a mixture 
of water and surfactant was used to sweep the reser-
voir. The surface charge of the SiO2 molecule was then 
adjusted with a formal charge of −3, expressing the nega-
tive surface charge following the reported experimental 
PZC value of silica and quartz between 2 and 4 [69, 70]. 
Similar to the surfactant, the molecule was generated 

Fig. 5  Parity plot between the predicted surfactant adsorption 
capacity obtained from the PINN model vs. the experiment values 
with various surfactant headgroups onto the sand surface
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in the Avogadro® using lattice builder and exported to 
GAMESS for screened charged density calculation.

The COSMO-screened charge density results and 
interaction interpretations are shown in Fig. 6a. The fig-
ure shows the surfactant and SiO2 molecule wrapped 
by thousands of tiny pieces of COSMO-screened charge 
density. Each section is color-coded based on the charge 
value, ranging from blue for negative charge, green for 
neutral charge, and red for positive charge. It should be 
noted that the screened charge shown is the charge from 
a continuum perspective. This implies that the negative 
values on the molecule surface are expressed as a positive 
charge in the continuum cavity.

As illustrated in Fig.  6b, SiO2’s wide variety of func-
tional groups enable the σ-profile to span into all three 
types of charge region: (1) non-hydrogen bonding, which 
is caused by neutral SiO2 atoms; (2) HB-donor, which 
comes from hydrogen in the hydroxyl (silanol) func-
tion; and (3) HB-acceptor, which comes from two pairs 
of valence electron at the oxygen atom in SiO2. Accord-
ing to this, all hydrophobic and hydrogen bonding inter-
actions are theoretically feasible on the surface of SiO2, 
with the strength of each contact being determined by 
the quantity of hydroxyl functional groups, in this case, 
the degree of hydration. The HB-acceptor peaks at about 
0.01 e/Å2 towards the neutral charge area, which makes 

the molecule more negative, illustrating the impact of 
the bulge hydroxyl function, making the whole molecule 
more polar. Das and Bhattacharyya [71] confirmed that 
SiO2 transfers hydrogen bonding potential from silanols 
to give bonding potential. Through donor–acceptor inter-
actions, the polar hydrophilic SiO2 attracts the surfactant 
in certain areas. The weak attraction interaction forces 
also occur in the hydrophobic site of silica oxide by hav-
ing a more hydrophobic (neutral) area around the SiO2; 
the SiO2 will attract other hydrophobic species, includ-
ing the surfactant tail, through hydrophobic-hydrophobic 
interactions.

Figure  6c depicts the screened charge density of the 
SDBS surfactant. Two peaks in the hydrophobic and HB-
acceptor region are typically found in the surfactant mol-
ecule. The alkyl chain or tail is depicted as a peak in the 
hydrophobicity region. The surfactant head group, Sul-
fonate (SO3)−, comprised of negatively charged oxygen 
atoms, is depicted as a peak in the HB-acceptor region. 
Oxygen atoms in the headgroup contribute to the area of 
negative charge of the molecule surface.

Further, as all electron-rich oxygen atoms are concen-
trated in the head section of the SDBS, the negatively 
charged head section will orient the molecule towards 
the tiny area of positively charged hydrogen atoms in the 
silanol functional of SiO2. At the same time, the presence 

Fig. 6  a COSMO-screened charge density and probable interaction of surfactant Sodium Dodecyl Benzene Sulfonate (SDBS) and silica oxide, b 
sigma profile silica oxide, and c sigma profile surfactant SDBS
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of negatively charged oxygen atoms on the silanols will 
act as barriers to repulse the negatively charged surfactant 
head group. Therefore, the probability of surfactants being 
adsorbed will depend on the presence of silanol function 
and the types of surfactant head groups.

The benzene ring between the head and tail section 
acts as a buffer separating the hydrophilic head from the 
hydrophobic carbon chain tail. Although the total charge 
of the benzene ring is zero, the sigma profile is extended 
from −0.0075 e/Å2 to 0.0075 e/Å2. The benzene ring has 
rich inner ring electrons from freely moving electrons 
in π molecular orbital [72]. To balance the total charge of 
the molecule, the outer ring, which contains rich hydro-
gen atoms, consists of a more positive charge density. This 
unique charge density distribution will attract two benzene 
rings together in several probable configurations, includ-
ing parallel, sandwich, T-shape, and Y-shape [73], increas-
ing the probability for surfactant molecules to attract one 
another. Lastly, the hydrophobic tails interact with the 
hydrophobic section of the SiO2 surface and the tail part 
from other surfactant molecules through weak hydropho-
bic-hydrophobic interactions. The longer the tail, the more 
hydrophobicity the surfactant behaves [74], as shown in 
Fig.  6c, which results in a higher probability of attracting 
the tail of the adjacent surfactants.

The information from screened charge density, molecule 
shape, and σ-profile was considered to interpret the pos-
sible molecular interactions between SiO2 and surfactants. 
Several interactions are identified as follows:

	 i.	 The repulsion force between negatively charged 
surfactant headgroup (SO3

−) and valence oxygen 
(O−) in the SiO2 lattice.

	 ii.	 The surfactant headgroup containing a negatively 
charged oxygen atom is attracted to the positively 
charged hydrogen atom on the silanols function 
of SiO2 via hydrogen donor–acceptor interaction. 
This interaction is potentially limited due to the 
stronger repulsion of the interaction in (i).

	iii.	 The interaction between the benzene ring via π- π 
interaction between surfactant molecules poten-
tially occurs in various configurations, resulting in 
the surfactant molecule’s aggregation.

	iv.	 Hydrophobic attraction from the tail–tail inter-
action between surfactant hydrophobic tails 
enhances the probability of multilayer adsorption.

Model evaluation using temperature variation for isotherm 
prediction.
The converged models were tested by varying the con-
centrations and testing conditions to evaluate the con-
sistency of the model and compare it to the reference 

physical explanation. As the machine learning model 
works best in the interpolation problem, the tempera-
ture parameter was chosen as it has the highest range and 
variation in the tested dataset compared to other param-
eters, such as pH and salinity. To generate the adsorption 
prediction curve, SDBS from the surfactant dataset and 
sand with average properties of PZC of 7.08 and a spe-
cific area of 1.03 m2/g from the sand dataset were used 
[7, 40, 41, 45, 75]. The salinity of 0%wt and pH of 7 were 
selected, while the temperature was varied from 20◦C to 
50◦C to be used as the input parameters.

In addition to the PINN model, the conventional neural 
network model was also simulated to be compared with 
the PINN model result. Three indicators were evaluated: 
(1) consistency: the adsorption result showed a consist-
ent increase as the initial concentration increases; (2) 
saturation point: following the Langmuir isotherm, the 
plateau adsorption is attained, and additional surfactant 
concentrations will not increase the adsorption; (3) trend 
compared to the experimental results.

The results from both models are shown in Fig.  7. 
Although both neural network models have shown con-
sistency, only PINN model achieved the saturation point. 
The conventional neural network model fails to comply 
at the highest concentration, and the saturation point is 
not yet achieved and tends to show consistent increases. 
Meanwhile, for the third indicator, adsorption typically 
decreases as temperature increases; as adsorption is a 
thermodynamic phenomenon, higher temperature leads 
to higher kinetic energy, and there is less probability of 
the molecule being attached to the solid surface [9]. A 
later study found that the adsorbed capacity depends on 
adsorption density; adsorption decreases for anionic sur-
factants with high adsorption density (entropy-driven) 
but contrasts for enthalpy-driven (low adsorption den-
sity like nonionic surfactants) [76]. The PINN model 
agrees with this third indicator for evaluating SDBS, an 
anionic surfactant. The PINN follows all indicators based 
on a mechanistic model. The Langmuir model, which 
was integrated into the neural network, was limiting the 
model’s flexibility following the characteristic of the inte-
grated mechanistic model.

Evaluation of PINN model with unseen surfactant
In this section, the model was challenged to predict the 
adsorption isotherm from two surfactants not used in 
the training or testing sets. Two surfactants were tested; 
the first surfactant is Internal Olefin Sulfonate (IOS), a 
sulfonate with double-branched anionic surfactant. This 
surfactant structure is completely new to the trained 
model. Meanwhile, the second surfactant is the Nonyl 
Phenol Ethoxylate-(NPE) series, a nonionic surfactant 
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with 9, 20, and 30 extended EO groups and a phenyl 
ring. The structure of this surfactant is found in non-
ionic surfactants under the trade name of Triton-X and 
one type of NPE 20 already used in the training dataset. 
The adsorption result was compared to the experimen-
tal results from in-house laboratory testing and refer-
ence [77], using the testing condition and solid properties 
specified from the experimental data.

The result shown in Fig.  8 compares the adsorption 
prediction from the PINN model to the experimental 
result. Generally, the predicted isotherms onto the sand 
surface for IOS and NPE follow general characteris-
tics from a Langmuir isotherm with adsorption capac-
ity until the maximum amount of adsorbed surfactant 
is reached. The IOS adsorption prediction in Fig.  8a 
shows a higher adsorption capacity and maximum 
adsorption with an RMSE of 2.95 mg/g. This value is 

relatively high compared to the NPE prediction adsorp-
tion in Fig. 8b, with an RMSE of only 0.07 mg/g. Even 
more, the prediction of nonionic surfactant indicates 
the correct trend of the maximum adsorption capacity 
with the increased number of EO groups following the 
experimental results. There are several factors affecting 
the differences in these results:

	 i.	 The maximum adsorption of IOS surfactant is 
significantly higher than that of NPE, as shown in 
Fig. 8. The area per molecule of NPE is significantly 
higher than that of the IOS, compared with a simi-
lar adsorbent surface area, so fewer NPE molecules 
will fit on the surface. A higher adsorption mag-
nitude for IOS also means the model has a higher 
absolute error of the prediction.

Fig. 7  a Surfactant adsorption isotherm generated from conventional neural network configuration with temperature variation b Surfactant 
adsorption isotherm generated from PINN model

Fig. 8  Model evaluation using unseen surfactant a Internal Olefin Sulfonate (IOS) and b Polyoxyethylenenonyphenol with 9, 20, and 30 EO groups. 
The dots represent the experimental adsorption values, and the line represents the model adsorption predicted value
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	 ii.	 Compared to the nonionic surfactants, the anionic 
surfactant molecules vary widely in structures. 
For anionic surfactants, their structures are varied 
by head groups (e.g., carboxylate, sulfate, and sul-
fonate), extended function, presence of benzene 
ring, branch chain, and carbon tail length. Mean-
while, the ethoxylate-based nonionic surfactants 
only have an alcohol connecting with typically EO 
as a head group and a shorter carbon tail length 
(e.g., C12). The more molecular structure of the 
anionic compared to the nonionic surfactants, the 
more data variation there is for the idealized train-
ing set for the anionic surfactants.

	iii.	 The presence of NPE 20 in the training set provides 
an accurate starting point for the predicted adsorp-
tion model for slight changes in the molecular 
structure.

	iv.	 The IOS in the adsorption study was industrial 
grade with a relatively lower percentage of active 
ingredients than NPE. Also, the industrial-grade 
IOS generally contains average carbon numbers 
and internal branching. The effect of surfactant 
structural heterogeneity would result in lower IOS 
adsorption capacity than the predicted values due 
to more disordered packing of the adsorbed sur-
factants at the interface.

Surfactant structure analysis to adsorption behavior
This section further analyzes the surfactant adsorption 
dataset by examining the effect of the main structural 
component and sigma profile of the head group, tail 
length, and extended function.

Surfactant head group analysis
Surfactant adsorption isotherms of SDBS [9] and SDS 
[45] were examined to relate the screened charge den-
sity of the surfactant head group to the adsorption pro-
file. SDBS and SDS were selected because their structure 
is the simplest compared to other types like branched or 
extended surfactant, and the alkyl length is similar, i.e., 
C12, so the effect other than the headgroup can be mini-
mized. Also, both surfactants represent the main anionic 
surfactant class: sulfate (OSO3

−) and sulfonate (SO3
−).

Figure 9a illustrates the adsorption profile of both sur-
factants. SDS, the sulfate surfactant, has a higher adsorp-
tion capacity than SDBS, a sulfonate surfactant. The 
PINN model also showed an accurate trend with RMSE: 
0.07–0.015 mg/g. The investigation was further extended 
by evaluating the screened charge density.

The screened charge density of SDS and SDBS are 
shown in Fig.  9b. There are two main peaks for both 
surfactants (1) the hydrophobicity region at charge den-
sity −0.005 to 0.005 e/Å2, which represents a neutral 
hydrocarbon tail section, and (2) the hydrogen bound-
ing acceptor region at 0.012 to 0.017 e/Å2 which repre-
sents the rich electron oxygen atom on the headgroup. 
It should be noted that the sigma profile shows the posi-
tive number of screened charge density as it reflects the 
counter charge from a continuum perspective, where the 
actual molecule surface charge is negative. Although both 
screened charge density looks similar, the headgroup 
peak for SDBS is shifted more to the right side as it has 
a more intense charge density than SDS. This was due to 
less oxygen atoms in the sulfonate headgroup, which only 
contains three oxygen atoms compared to four in the sul-
fate. As the total charge for both surfactants is −1, the 
headgroup, which contains less oxygen atoms, will have 

Fig. 9  a Sodium Dodecyl Benzene Sulfonate (SDBS) SO3
− [9] and Sodium Dodecyl Sulfate (SDS) OSO3

− [45] adsorption isotherm profile, b Screened 
charge density of SDBS and SDS



Page 14 of 20Alimin et al. Journal of Cheminformatics           (2025) 17:84 

a smaller negative region to distribute the charge, mak-
ing the charge density of the sulfonate headgroup more 
intense.

In COSMO, the y-axis represents the probability of 
finding a specific charge, and the x-axis is the charge’s 
density. As the charge is seen from a continuum per-
spective, the peak in the extreme positive charge density 
means the intense negative charge on the actual molecule 
surface [78]. Related to the adsorption isotherm, a more 
intense charge density in SDBS means the molecule has 
a denser negative surface. As the silica oxide surface is 
negatively charged, a higher intense negatively charged 
headgroup will have a more substantial probability of 
repulsing the solid surface, avoiding adsorption. Mean-
while, the SDS with a less dense negative surface will 
have a higher probability of being adsorbed on the silica 
oxide surface.

The hydrophobicity region of these two surfactants also 
interacts with the neutral region of silica oxide, result-
ing in hydrophobic-hydrophobic interactions. However, 
since both hydrophobicity peaks are comparable in size 
and location, there is no trend to evaluate. Another effect 

on the hydrophobicity region will be examined, which is 
the effect of surfactant tail length.

Surfactant tail length
Trogus, Sophany [77] examined the adsorption of alkyl 
benzene sulfonate (ABS) as it is used as a similar type 
of surfactant with tail length variation. The media used 
was Berea Sandstone with 1%wt brine solution (NaCl). 
Figure  10a shows that the longer the alkyl chain of the 
surfactant molecule, the higher the adsorption it reveals. 
The study also mentioned that the surfactant adsorption 
with C6 and C9 alkyl chain lengths are relatively low as 
they have better water solubility than the longer alkyl 
chain lengths.

In Fig. 10b, ABS has a benzenesulfonate headgroup fol-
lowed by a linear hydrocarbon tail. The valence electron 
charge (− 1) of oxygen was distributed along the sul-
fonate headgroup surface, making the surface negative. 
The surface is positive in the sigma profile as viewed from 
the COSMO medium perspective and is colored orange.

Furthermore, this surface is interpreted as the OT 
hydrogen bonding and acts as the hydrogen bonding 

Fig. 10  a Adsorption isotherms for anionic surfactants, Alkyl Benzene Sulfonate (ABS) on Berea Sandstone: data points recreated from Trogus, 
Sophany [77] (symbols in legends) and predicted from this work (dotted lines), b Screened charge density of linear ABS (C-12) in section, c Sigma 
profile of linear ABS, and d Sigma profile various ABS tail lengths
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acceptor. In the sigma profile shown in Fig. 10c. the sul-
fonate is represented by a peak at 0.015 (e/A2). The neu-
tral region represents the benzene function from the 
headgroup with a peak around 0.005 and −0.005 (e/A2). 
Since the headgroup from all surfactants is the same, 
there is no effect on adsorption to evaluate. As shown in 
Fig.  10d, the longer the tail length, the higher the peak 
in the hydrophobicity region is observed. The hydropho-
bicity region generally represents the neutral region that 
does not like water [62]. The trend in the sigma profile 
agrees with surfactant solubility to water. The higher the 
hydrophobicity peak, the less soluble surfactant dissolves 
in water, making the tendency of surfactant molecules to 
aggregate from tail–tail interactions. The hydrophobic-
ity region is also in line with the misfit energy interac-
tions. This interaction represents weak interaction from 
different weak charges around the molecule surface. The 
higher the hydrophobicity peaks, the more potential the 
molecules form hydrophobic-hydrophobic interactions 
with the hydrophobic region on the solid, making the 
adsorption greater.

Surfactant extended function
The adsorption profiles of NPE or Triton-X series (TX), 
reported by Lawson [43], with EO ranging from 9.5 to 
30, were evaluated. High-purity surfactant was used in 
their work. The media was sandstone, and 1 wt.% Sodium 
Chloride solution was used. The static experiment results 
are shown in Fig.  11a. The conclusion of this study 
showed that the adsorption onto sandstone depends on 
the extent of the EO number. Also, the adsorption of TX 
is relatively insensitive to solution salinity. Furthermore, 
the solubility of EO increases with the increase in EO 
number.

The screened charge density for TX is shown in 
Fig. 11b. TX has an alcohol head group followed by an EO 
extended function. Because of its weakly charged non-
ionic head group, TX has an overall greenish color, show-
ing that the charge disparity for the whole section is not 
in great contrast. As the total charge is zero, the surface 
charge has been determined by the presence of an atom 
with higher electron valence, such as oxygen. Excess elec-
trons on oxygen will provide a HB-acceptor region. This 
region has a peak of around 0.010 to 0.015 (e/A2), as seen 
in Fig. 11c. The hydroxyl function in alcohol also shapes 

Fig. 11  a The adsorption of Triton-X series surfactant onto crushed Berea Sandstone: data points recreated from Lawson [43] (symbols in legends) 
and predicted from this work (dotted lines), b the screened charge density of Triton-X 100 in section, and c sigma profile of the heads, and d tails 
of Triton sulfonate with EO-10 and EO-13
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the hydrogen bonding donor peaks but is relatively low at 
around −0.015 (e/A2).

The EO group of TX surfactant contributed to the 
hydrophobicity region and HB-acceptor region. Fig-
ure  11c shows the differences between TX’s EO10 and 
EO13 sigma profiles. An additional number of EO con-
tributes to two atoms of carbon, which increases the peak 
in hydrophilicity, whereas an oxygen atom increases the 
peak in the HB-acceptor region. Out of five series, only 
EO10 and 13 were simulated in this study. The rest can-
not be simulated due to the maximum number of atoms 
run by GAMESS.

Compared to the findings in the reference study, 
the higher surfactant solubility with higher EO can be 
described by more HB-acceptor region on the molecule 
surface. However, the study by Di Serio and Tesser [79] 
showed that for surfactants with very high EO numbers, 
the EO group reduced the molecule solubility to a higher 
EO number. The peak ratio between hydrophobicity and 
HB-acceptor for each additional EO group can describe 
this phenomenon. It is suggested that there is a maxi-
mum ratio of hydrophobicity and HB-acceptor where the 
solubility is immensely reduced.

On the adsorption side for surfactants with very high 
EO numbers, the study concluded that the lower the 
number of EO groups, the higher its adsorption. Besides 
the effect of surfactant solubility, higher adsorption due 
to EO can be described using the COSMO concept. The 
more the EO group in the surfactant molecule, the more 
HB-donor contribution is obtained, increasing the inter-
action between the surface and surfactant molecules. As 
the HB-acceptor region distributes to the whole length of 
the extended function of the surfactant, the interaction 
could affect the orientation of the adsorbed surfactant 
molecules onto the solid surface. This orientation will 
cover more HB-donor regions on a solid surface, which 
reduces the tendency for further adsorption. However, 
the orientation information is not captured in the sigma 
profile, and a similar orientation also occurs for the sur-
factants with a higher number of EO.

The reduction of adsorption of the surfactant with 
higher EO can be described from the hydrophobic-
ity peak, which shifted to the HB-donor region. The 
TX hydrophobicity peak is concentrated on negative 
screened charge density, which means that the mol-
ecule has an excess donor region; the probability of this 
excess donor region is higher with an increasing number 
of EO groups. Silica oxide has an excess hydrogen donor 
on the counterpart, resulting in incompatible misfit 
energy interactions. Misfit is the electrostatic interaction 
between two molecules arising from the imperfect fit of 
two polarities [78]. Though it is weak compared to hydro-
gen bonding, the peak is considerably high.

The tail part of the TX series consists of a similar-
length hydrocarbon chain. This segment then accumu-
lated in the hydrophobicity range of the sigma profile 
curve. As shown, there is no variation in the tail length of 
the TX series; there is no further analysis describing the 
effect of tail length.

SHAP evaluation on model feature
The SHAP (SHapley Additive exPlanations) analysis is 
utilized to illustrate the importance and impact of indi-
vidual features on the model’s predictions. Figure  12a 
shows how each feature contributes to the model output 
by shifting the predicted value from the base prediction, 
E[f(x)] = 1.06 (the mean prediction across the sample 
set), to a final model prediction of 0.84, while Fig.  12b 
shows how the SHAP value attributes to the feature 
globally. According to the SHAP evaluation, the trained 
model considers the most influential features determin-
ing adsorption are: (1) molecular structure, represented 
by molecular volume (MolVol) and length; (2) screened 
charge density of both the head and tail groups; (3) equi-
librium concentration; and (4) solution conditions.

The molecular cavity volume or MolVol is the most 
important feature with the largest negative mean SHAP 
value. This descriptor is the intermediate output of 
GAMESS/COSab when calculating COSMO screened 
charge density. This value refers to molecular cavity in 
the solvation continuum when molecular surface is con-
structed. Larger molecular cavity volumes lead to lower 
predicted adsorption. The larger molecules tend to have 
limited interaction or accessibility due to steric hin-
drance, especially those with bulkier groups or branched 
chains, resulting in higher occupation on the surface of 
the adsorbent. This steric effect can hinder the formation 
of closely packed surfactant molecules, especially in sys-
tems where head group repulsion is significant.

Tail hydrophobicity marked as Tail_NHB-Hydropho-
bicity in Fig.  12 also enhances adsorption, which cor-
relates with the tail length, since longer hydrocarbon 
chains contribute more to overall hydrophobicity. This is 
due to the stronger van der Waals interactions between 
the hydrocarbon chains and the surface or nearby 
adsorbed surfactant molecules. This finding supports 
the discussion in Sect."Surfactant tail length"on sur-
factant tail length. Additionally, the presence of hydrogen 
bond acceptors (NHB-HB_Acceptor) in the head group 
negatively affects adsorption. This aligns with observa-
tions in Sect."Surfactant extended function"on extended 
surfactant functions; an increase in EO (ethylene oxide) 
groups enhances solubility in water, making adsorption 
onto the surface less likely. When the NHB–HB_Accep-
tor value of the head group increases significantly, such as 
in surfactants with a high number of ethylene oxide (EO) 
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units, the SHAP values reflect a positive contribution to 
adsorption. This trend is likely due to increased hydro-
phobic character and reduced water solubility associated 
with higher EO content. This result aligns well with the 
case studies in Sect."Surfactant extended function".

Solution conditions, such as temperature and salin-
ity, also influence adsorption behavior. As discussed in 
Sect."Model evaluation using temperature variation for 
isotherm prediction.", higher temperatures typically 
reduce adsorption due to increased molecular kinetic 
energy, while higher salinity can enhance adsorption 
through precipitation effects. Finally, tail length and 
hydrophobicity parameters both show strong influence, 
underscoring the importance of molecular size and sur-
face interactions in the adsorption process.

Conclusion
This study developed a deep learning model to predict 
anionic and nonionic surfactant adsorption onto sil-
ica surfaces. The model covers several surfactant head 
groups, including sulfate, sulfonate, sulfosuccinate, and 
alcohol, with various alkyl and extended groups. Sev-
eral molecular descriptors were generated and tested 
in the RFE to be selected as input parameters for the 
deep learning model. The surfactant descriptors using 
COSMO-screened charge density resulted in the highest 
accuracy among several surfactant descriptors. This work 
demonstrated that the COSMO-screened charge density 
and σ-profile can be used to reveal probable interactions 
between the surfactant and the silica surface, and the 
interpretation relates well with the experimental result. 
The incorporation of the Langmuir adsorption isotherm 
into the deep learning model in our work, so-called 
the PINN model, provided a more logical rationale and 

higher accuracy results than the solely neural network 
model as it embeds the classical Langmuir character-
istics with adsorption capacity and maximum adsorp-
tion for the surfactant systems. The performance of our 
PINN model on the prediction of unseen surfactant gives 
reasonably good results in the surfactant with common 
molecular structure as appeared in the training data-
set; however, the prediction still needs improvement in 
the case of the completely new structure with the het-
erogeneity of the molecular structure. Further, the SHAP 
analysis also show consistent results from study cases 
to evaluate descriptors impact to the adsorption. This 
work can provide guidance on screening surfactant for-
mulations to minimize the adsorption capacity before 
applying the formulations in the real field in EOR or 
remediation projects.

Future work should focus on extending the surfactant 
database, molecular representation and machine learn-
ing model. The adsorption isotherm database shall be 
extended to various conditions, especially in extreme 
regions such as high salinity or high temperature, where 
this is the typical condition in the oil reservoir. A validity 
check can also be done at this high salinity high tempera-
ture condition. In terms of molecular representation, the 
screened charge density from the whole molecule sur-
factant will give a more accurate screened charge density 
and sigma profile value. Several studies have shown the 
potential of the generative models (such as variational 
autoencoder, VAE) in predicting larger molecular prop-
erties, like protein and RNA. Therefore, in the end, we 
envision the combination of the complete database and 
strong molecular representation shall improve the abil-
ity of our model to predict surfactant adsorption and 
improve the model’s performance and efficiency.

Fig. 12  a Waterfall plot of SHAP values for an individual prediction from the PINN model. Features in blue decrease the prediction (push f(x) 
lower), while features in red increase it (push f(x) higher). b SHAP summary plot showing the distribution of SHAP values for each feature across all 
data points. The color represents the feature value (red = high, blue = low), and the position on the X-axis shows the direction and magnitude 
of the feature’s impact on the adsorption capacity. Note: Xeq is equilibrium concentration, in mg/l; MolVol is total volume cavity of molecule 
from GAMESS/COSab result in A3; and the physical meaning of COSMO feature is described in Sect."Physical meaning of selected descriptors"
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ANN	� Artificial neural networks
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COSMO	� Conductor-like Screening Model
DHSS	� Bis(2- ethylhexyl)sulfosuccinate
DOWFAX	� Alkydiphenyloxide Disulfonate
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EOR	� Enhanced oil recovery
GC	� Group contribution
HB	� Hydrogen bonding
IFT	� Interfacial Tension
IOS	� Internal Olefin Sulfonate
MolVol	� Total volume cavity of molecule from GAMESS/COSab result, in A3

Neodol	� A surfactant trade name of Alkyl Alcohol Ethoxylate
NHB	� Non-hydrogen bonding
NPE	� Nonyl Phenol Ethoxylate
OSO3

−	� Sulfate head group
OT	� Other
PINN	� Physics-Informed Neural Network
PO	� Propylene Oxide
PZC	� Point of Zero Charge
RFE	� Recursive feature elimination
RHF	� Restricted Hartree–Fock
RMSE	� Root means square error
SDBS	� Sodium Dodecyl Benzene Sulfonate
SDS	� Sodium Dodecyl Sulfate
SLES	� Sodium Lauryl Ethyl Sulfate
SMILES	� Simplified molecular-input line-entry system
SO3

−	� Sulfonate head group
Tergitol	� A surfactant trade name for Alkylphenol Ethoxylate
Triton-X	� A surfactant trade name for Nonyl Phenol Ethoxylate
TX	� Triton-X
Xeq	� Equilibrium concentration of surfactant adsorption, in mg/l
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